& Methods Generalized linear mixed models and boosted regression trees were applied to recorded storm damage of individual trees from long-term experimental plots in southwest Germany. This included two major winter storm events in 1990 and 1999. Over 40 candidate predictors were tested for their explanatory power for storm damage and summarized into predictor categories for further interpretation. & Results The two most important categories associated with storm damage were timber removals and topographic or site information, explaining between 18 and 54 % of storm damage risk, respectively. Remarkably, general damage levels were not different between Douglas-fir and Norway spruce.
Europe are predominantly winter storms from the North Atlantic Ocean (Leckebusch et al. 2006) . Deciduous species have a generally lower drag than conifers and show better streamlining in the wind (Rudnicki et al. 2004; Vollsinger et al. 2005) . Among the coniferous species, Norway spruce is frequently ranked as the most vulnerable species with respect to storm damage (Bouchon 1987; Colin et al. 2009; Mayer et al. 2005; Schmidt et al. 2010) . Norway spruce's high vulnerability has been attributed to its shallow rooting characteristics and cultivation outside its natural range, such as on unsuitable sites (e.g., waterlogged soils) and in monospecific stands (Von Teuffel et al. 2004) . It is thus a combination of site, stand, and true species-level effects rendering Norway spruce vulnerable.
In the natural range of Douglas-fir in the Pacific Northwest of North America, wildfires are the most important abiotic disturbance agent in Douglas-fir forests and storm damage occurs much less frequently (Johnson et al. 2010) . Unfortunately, to our knowledge, no comprehensive study has yet been conducted specifically addressing storm risk of Douglas-fir within its natural range. Nevertheless, the species appears to be considered of medium storm risk and is generally neither rated among the top critical nor the top resistant species (e.g., McComb et al. 1993) .
Owing to its recent forestry use in Europe on a larger scale, there is very limited quantitative information about the susceptibility of Douglas-fir to storm damage (Colin et al. 2009; Riou-Nivert 2003) . However, empirical knowledge of advantageous properties of Douglas-fir concerning wind stability and favorable practical experiences lead forest managers in Europe to expect a higher wind resistance compared to Norway spruce. These advantageous properties include a stronger stem and deeper rooting (Groth 1927; Hermann 2005; McMinn 1963; Nicoll et al. 2006; Studholme 1995) . Compared to Sitka spruce (Picea sitchensis [Bong.] Carrière), Douglas-fir also shows smaller drag (Mayhead 1973) .
In addition to species-specific attributes, other important risk factors considered to influence storm damage are stand or tree dimension (e.g., height or taper; Cucchi et al. 2005) , site characteristics, and the impact of silvicultural treatments. In cases where height information is not available, some studies use age or diameter information as proxies for height (Rich et al. 2007 ). Yet height refers directly to leverage phenomena associated with wind loads, bending, and storm risk and is, therefore, the preferable predictor (Hanewinkel 2005) .
Site-specific factors related to the risk of storm damage comprise soil texture and water regime (e.g., Schmidt et al. 2010 ) which influence vertical root penetration probably due to the lack of oxygen, strong soil acidity (Mayer et al. 2005) impeding fine root growth, and free calcium carbonate (Schmid-Haas and Bachofen 1991) which is known to destabilize Norway spruce due to increased formation of root rot. Soils with heavy clay as well as shallow, rocky soils with restricted rooting depth have been analyzed and discussed as site-related storm risk factors, however, with differing results (Quine 1995) .
Silvicultural treatments such as thinnings have an influence on stand vulnerability (Cremer et al. 1982; Quine 1995) . Other factors may also play a role for storm damage, but the four mentioned groups of factors including tree species, tree dimensions, site attributes, and silvicultural treatment of stands appear as the most important determinants.
The relative importance of these risk factor groups is quite difficult to determine, since different studies have been based on different data sources. Large-scale storm damage analyses usually have a more limited range of information on forest attributes. In turn, small-scale case studies may be based on detailed forest attributes, but their landscape-scale variability of geological or topographic characteristics is restricted. However, besides these difficulties, it is desirable for scientists and forest managers to be able to judge the relative magnitude of influence for the different groupings of factors on storm risk. For forest managers, this knowledge can lead to improved management decisions for reducing storm risk, including the choice of tree species, target diameters or rotation ages, and appropriate silvicultural treatment or thinning regimes.
Based on these considerations, the objective of the study was to investigate differences in storm resistance between Douglasfir and Norway spruce based on a large dataset of intensively surveyed long-term experimental plots in southwest Germany. To achieve this objective, we posed two hypotheses (H1, H2):
The predictor "species" is as significant for storm damage as other predictors. H2: Storm damage in Douglas-fir occurs less frequently than in Norway spruce.
Material and methods
The analyzed database comprised the network of long-term forest growth research plots in southwest Germany and consists of roughly 1,300 plots with an average size of 0.25 ha. The majority of the experimental plots examine the effects of different silvicultural treatments (e.g., regeneration, spacing, thinning) or of provenance on growth. While many different tree species are represented by these long-term plots, we selected Douglas-fir and Norway spruce plots for this study. The selected stands originated predominantly from planting and are monospecific and rather homogenous in structure. In addition, we focused on the two observation periods during which major storm events had occurred. Those were the storms in February 1990 (storm "Vivian/Wiebke") and December 1999 (storm "Lothar").
Measurements on the long-term research plots are commonly repeated in 5-year intervals to monitor periodic height and diameter increment. These measurements are performed at the individual tree level and the silvicultural treatments are performed within the same year as the measurement. If a tree is subject to mortality, the field crew will assign it a cause of mortality, e.g., scheduled harvesting or storm damage. With this cause of mortality, it was possible to differentiate between scheduled removals, which were in accordance with the treatment plan of the experiment, and nonscheduled removals (salvage), which occurred due to abiotic and biotic disturbance in an unsystematic and unplanned manner (storm, insect, or drought damage, etc.).
For every plot, the most recent data measurement before each of the two storm events was selected to represent stand conditions prior to the storm. The trees which were damaged by the following storm were then coded as event ("1"), the remaining trees as nonevents ("0"). Unfortunately, stem breakage and uprooting were not recorded separately. The tree-level damage code was summarized at the stand level and calculated as the relative storm damage (P Dam 0basal area of storm-damaged trees/total stand basal area prior to the storm event). The final dataset contained 700 plots covering 189 ha, irregularly spaced throughout southwest Germany. On these plots, 142,543 tree observations were recorded.
There were 42 candidate predictor variables comprising dendrometric characteristics, soil properties, and site information such as geographic position and topographic exposure. Additionally, we tested modeled wind gust speed data that were calculated for both storm events and a long-term average gust speed with the mesoscale model KAMM at a ground resolution of 1,000 m (Heneka et al. 2006) . Table 1 gives a complete overview of the candidate predictors, including their assignment to different variable categories and a short description. Unique features of the predictor set compared to previous studies are that data on the stand level were derived from precise tree-level attributes and that quantitative information about the long-term development of plots is available, including past silvicultural treatment.
Some more explanation is needed concerning the variable category "removals." All variables labeled thinning quotient (ThQuot) were calculated as Dg th ×Dg −1 , where Dg is the mean quadratic diameter prior to thinning and Dg th is the Dg of only the removed trees. Values of the ThQuot greater than 1 indicate thinning from above, while values smaller than 1 stand for thinning from below. Some variables in this category were calculated in two ways: one version referring to all removals, while the other version referring only to the scheduled removals (i.e., relRem, relRem_sched). This differentiation was possible due to the tree-level attribute "cause of removal" and served for testing whether effects of scheduled removals were different from effects of all removals, including scheduled and salvage removals. Since single tree-level attributes have been shown to be much less important than stand-level attributes for the analyzed research plots (Albrecht 2009 ), we chose to analyze storm damage only at the stand level. The stand-level storm damage data consisted of 1,167 plot observations, 567 of which showed damage and 67 with total stand damage. Most plots were observed for both storm events, even if the plot had suffered partial damage in the first storm in 1990. Some plots even showed partial damage in both storm events. Only if a plot had been totally damaged in 1990 it was not observed again in the 1999 storm. The frequency distribution of damage was characterized by many plots without damage (as is typical for rare events), a negative exponential decrease up to values of 60 % damage, and finally, a reincrease of plots with damage between 75 and 100 % (Fig. 1) . This U-shaped frequency distribution with zero inflation does not belong to the family of exponential or normal distributions and necessitated special analytical methods.
Preliminary analysis
In a preliminary analysis, we compared Norway spruce and Douglas-fir plots concerning stand, site, and silvicultural characteristics. This comparison included pairwise (Douglas-fir/Norway spruce) graphs and tables of the candidate predictors testing for univariate species differences in the raw data. This first step was necessary to examine whether potential species-specific effects may be influenced by differences in other potentially important factors. Results are shown for the most important factors stand height, thinning quotient, relative removals, and site characteristics.
To avoid confounding findings due to applying one single methodological approach only, further investigations applied two different statistical approaches. We applied generalized linear mixed models (GLMM) and boosted regression trees (BRT). These techniques were chosen since they allow the analysis of non-normal response distributions like that of P Dam , mixed types of candidate predictors (metric, categorical, and nominal), and correlated observations, all being constraints which we were facing in the analyzed database. More explanation on the suitability and advantages/disadvantages of the chosen methods is given in the respective methods' sections. Both methods are based on the transformation of the mean of a binary response with the logit link (see Eq. 1, Logit (π)0log[P/(1−P)]).
Generalized linear mixed models
Equation 1 shows the general formulation of a GLMM:
GLMMs consist of two components: fixed and random effects. The fixed effects are the classical predictors (see Eq. 1, x′) of multiple regressions with their estimated coefficients Relative 5-year h100/d100 ratio 1.01 1,167 0.10 Stand density hd100_relnorm
Relative normalized h100/d100 ratio 0.98 1,167 0.10 Stand density hd100_relnorm_5rel
Relative 5-year normalized h100/d100 ratio The thinning quotient was calculated as the mean quadratic diameter of removed trees/the mean quadratic diameter of all trees prior to thinning (see Eq. 1, b). Significance levels of the predictors and the signs of their coefficients are available for interpretation. The random effects component (see Eq. 1, z′y) may account for the spatial and temporal correlation in the data and quantify their impact. Disadvantageous properties of GLMMs as opposed to BRTs are, however, that predictors must not contain critical multicollinearity and that effects of predictors must be linear (Littell et al. 2006) . Nonlinear effects could be represented in nonlinear mixed models, but variable selection is often numerically impossible and model formulation is difficult when the number of candidate predictors is large (>30), as in our case. We checked for multicollinearity with the variance inflation factor and found no critical values (Mayer et al. 2005) . We fit three GLMMs in a stepwise procedure to the stand-level storm damage data due to the distributional characteristics. In the first step, we modeled the general occurrence of storm damage as a binary logit model (see Eq. 2, y∈[0;1], where 00no damage and 10damage). As soon as one tree on a plot was damaged, the response of this plot was coded as 1.
The random effects (+) quantify the spatial clustering of several plots in one trial location. They are based on the assumption that adjacent plots are more similar in characteristics than plots located in different trial locations. In mathematical terms, the errors of the adjacent plots are correlated and thus violate the assumption of independent errors (Littell et al. 2006) . This leads to the formulation of a mixed model, incorporating the random effects term to account for this correlation.
In the second step, the occurrence of total stand damage among the damaged stands was modeled as a binary logit model (see Eq. 3, y∈[0; 1] , where 00damage <75 % and 10 damage ≥75 %). The 75 % damage threshold value was chosen based on the frequency distribution ( Fig. 1) and the observation that, even in the most severely damaged stands, usually a few trees and snags are left standing. For simplification, this step will be referred to as total stand damage. The tested random effects component was nonsignificant for this second step, supposedly due to the rather small number of plots with total storm damage. This model is thus not a mixed model including random effects (GLMM) but a simple generalized linear model without random effects.
Finally, in the third step, the amount of partial storm damage was modeled for plots with damage >0 % and <75 %. This model is thus a logit model with binomial response (y ∈ [0,0.75]; relative storm damage). Random effects were again chosen to quantify the spatial clustering and the equation is thus identical to Eq. 2.
Predictors were selected in stepwise manual operation based on p values with α00.05. As fit statistics, we used the −2 residual pseudolikelihood for the GLMMs in steps 1 and 3. In modeling step 2 (total stand damage), we used the −2 log likelihood, which is the preferred statistic for GLMs. Unfortunately, this fit statistic is not available for GLMMs due to the correlated error structure and the resulting special likelihood approximation technique in this type of model (Littell et al. 2006 , pp. 538-541, The SAS Institute Inc. 2006 . For this reason, we used the −2 residual pseudolikelihood in steps 1 and 3 instead.
The attribute tree species was used as a categorical variable. Instead of developing separate models for each species, this approach allows the comparison of the general species-specific storm damage disposition. During the process of variable selection, we tested interactive effects between tree species and other candidate predictors. With this procedure, we examined whether the main effects vary between the species.
Boosted regression trees
BRTs consist of two components: decision trees and boosting algorithm. They can be seen as enhanced decision trees. The decision tree part is based on classification and regression trees which successively partition the data into hierarchical subgroups. One of the main results of the classification process is the split criteria for the predictors, which regroup the responses into groups of minimal within variation, but maximum between differences.
In the second part, boosting techniques are applied which successively fit many decision trees while optimizing their accuracy. Starting from the first decision tree, the following decision trees are constructed by using the residuals of the first tree as the new response variable. Within this process, the poorly modeled observations with large residuals obtain a higher weight for the next iteration. The degree of improvement in this stepwise process is measured by the deviancebased loss function. Decision trees best reducing the deviance are then selected (Friedman and Meulman 2003) .
According to Elith et al. (2008) , BRTs "are based on the idea that it is easier to find and average many rough rules of thumb, than to find a single, highly accurate prediction rule." They are advantageous when data are correlated, when predictor values are frequently missing, and when the number of predictors is large. Other advantages are that BRTs are insensitive to outliers and automatically account for interactions among predictors. The combination of regression trees with boosting algorithms leads to advantages which are especially relevant for our database. One important drawback of BRTs, however, is that they may have problems representing very simple relationships, such as a 1:1 line. They are more appropriate for complex data with correlations and interactions.
During the model-building process (software package R, library gbm; Ridgeway 2006), we tested varying tree sizes from 1 to 20 splits and the learning rates 0.01, 0.05, and 0.1. We selected the combination of 10 splits (tree complexity (tc)) and a learning rate (lr) of 0.05 as the ideal parameters with minimal cross-validated deviance based on these preliminary calculations.
For interpretation of the results, partial dependence plots graphically depict the effects of each criterion under ceteris paribus conditions. Therefore, the value of the fitted function (0Logit(π)) is plotted over the range of values of the respective split criterion (predictor). The dependence plots visualize the quantitative results in an easily comprehensible manner and demonstrate the shape of an effect curve, i.e., linearly increasing or decreasing effects, nonlinear or nonmonotonic effects. Furthermore, the overall importance of each split criterion is calculated for interpretation purposes as a relative value based on the number of occurrences of a predictor as a split variable weighted by its improvement of the model.
With the choice of these two methods, we have ensured that the results concerning species differences in storm vulnerability are based on one robust method representing linear effects (GLMMs) and one flexible method representing linear and nonlinear effects (BRTs).
Relative influence of predictor categories
To classify the numerous predictor variables, we grouped them into categories. For example, stand height, stand age, and standing volume were grouped in the category "stand dimension," while the relative amount of removed timber and the thinning quotient were grouped into the category "removals." Since the objective of the study was to investigate species effects, we also used the predictor "species" as a distinct category consisting only of this one predictor. All predictor variables and their categories are listed in Table 1 .
For the GLMMs, we calculated the relative influence for each predictor by fitting a model without using the respective predictor. The loss in the fit statistic was used as an indicator for the influence of the removed predictor. Dividing that loss value by the sum of all loss values yielded the relative influence. Fortunately, the relative influence for nominal predictors like species can be calculated in the same manner as for numerical predictors.
For the BRTs, the measure of relative importance of each single predictor was averaged over all decision trees and scaled to 100 %, resulting in the relative influence (Friedman and Meulman 2003) . Since BRTs accommodate nominal split criteria, a relative influence was also calculated for the information "species." These relative influence values were then summarized according to the predictor categories.
Results

Preliminary analysis
Norway spruce was, on average, slightly taller than Douglasfir (Fig. 2, left) . Although some extreme values for Douglasfir surpassed the stand height of 50 m, its mean was below 24 m, while Norway spruce's mean dominant height was slightly above 25 m. Displaying the dominant height separately for the two reference periods 1990 and 1999 (Fig. 2 , center and right), Douglas-fir was distinctly lower for the 1990 storm than for the 1999 event.
The values of the thinning quotient of scheduled thinnings >1 indicate that primarily codominant and dominant trees were thinned for both species (Fig. 3a) . This represents the predominantly applied selective thinning from above in favor of target crop trees. Species differences were very small and show that the thinned trees of the Norway spruce plots were slightly more dominant than those removed on the Douglas-fir plots. Differences observed for the relative scheduled removals were clearly more pronounced between the species (Fig. 3b ): On average, 17 % of the standing volume was thinned from Douglas-fir plots, while only 12 % were removed from Norway spruce. This means that the treatments for the two species were mainly different concerning the relative amount of removed timber and not so much in the type of thinning. Species differences for the predictors "dominant height," "thinning quotient of scheduled thinnings," and "relative removals of scheduled thinnings" were significant by the Wilcoxon test of rank sums (α00.05).
Several site characteristics which have been reported in the literature to increase storm risk were analyzed for differences between Douglas-fir and Norway spruce plots. The soil type of each plot was either counted as yes or no for the six risk characteristics in Table 2 . For example, 3 % of all Douglas-fir plots occurred on strongly acidic soils. Thus, the values do not correspond to a complete distribution of soil types and consequently do not add up to 100 % per species. They rather indicate what proportion of one species' plots shows a certain risk factor. The potential site risk factor "deep loam" was included in this table, since deep loams have been found to be associated with high storm damage (Dobbertin 2002; König 1995; Rottmann 1986 ). These authors hypothesize that deep loams bear little potential for anchorage and root grip, especially when containing high amounts of silt and small amounts of rocks and when they are water-saturated. Douglas-fir occurred more often on clay-dominated sites (6 %) and shallow, rocky soils with restricted rooting depth (9 %). Norway spruce, however, was more frequent on strongly acidic sites, waterlogged soils, and deep loams. Both species occurred with similar frequency on soils containing free calcium carbonate.
Although the characteristics of Douglas-fir and Norway spruce plots were not exactly equal in our database, no clear species-specific trend of a priori disposition was observed in this preliminary analysis.
3.2 H1: the predictor "species" is as significant for storm damage as other predictors
GLMMs
For the GLMMs in modeling step 1, three variables remained as significant predictors (Table 3 ). The positive coefficient for dominant height (H100) indicated that the probability of storm damage occurrence increased with increasing height even though this variable's relative influence was rather small. The other two predictors showed an antagonistic influence on the probability of storm damage: whereas the coefficient for the relative removed volume had a positive influence on storm damage, the coefficient for the relative removed volume of scheduled removals was Fig. 2 Box plots of the stand dominant height (H100) for the two species Douglas-fir (DglF) and Norway spruce (NorwSpr). Left for the total dataset, center only for the 1990 reference period, right only for the 1999 reference period Fig. 3 Box plots for the thinning quotient of scheduled thinnings (ThQuot_sched, a) and the relative removals of scheduled thinnings (relRem_sched, b) for the two species Douglas-fir (DglF) and Norway spruce (NorwSpr) negative. This may indicate a stabilizing effect of scheduled removals, while all removals including salvage have a destabilizing effect. Interestingly, tree species did not have a significant influence in this modeling step, neither as a main effect nor in interaction with other predictors.
In modeling step 2, nine variables were selected as predictors explaining the occurrence of total stand damage. Dominant height (H100) had a similar positive but slightly higher influence than in modeling step 1. The interactive effect of dominant height with "species" showed that the risk of total stand damage for Douglas-fir (DglF) increased more slowly with dominant height than for Norway spruce.
Lower relative H/D values were associated with less storm risk, as indicated by the positive sign of the coefficient.
Also, in step 2, scheduled removals reduced the risk of total storm damage, whereas the sum of all removals (including salvage) expressed as relative values and averaged for the preceding 10 years (relRem_10yr) indicated higher damage. Within the predictors for this modeling step, the scheduled removals had the highest relative influence. The small value of its coefficient is due to the coding of this variable in absolute values.
Increasing stock density was associated with higher total storm damage. Also, the thinning quotient of scheduled thinnings increased the probability of total storm damage. This means that the more scheduled thinnings remove trees from the dominant layer, the higher the risk of total stand damage gets.
The rather low but significant relative influence of the topex score emphasizes that orographically sheltered stands were less susceptible to storm damage (exposed locations have smaller values of this variable-the negative sign of the coefficient thus indicates the reversed scaling of this variable). Increasing speed of the modeled wind gusts for the 1990 storm was associated with higher total damage.
For the estimation of relative storm damage on the partially damaged plots (step 3), only two predictors proved to be significant: Firstly, elevation above sea level was negatively correlated to the amount of storm damage. This was an unexpected result which will be discussed later. In addition, increasing dominant height (H100) was associated with an increase in storm risk. Both predictors had practically equal relative influence. Again, species was not selected as a significant predictor in the model.
BRTs
The selected split criteria for the BRTs were dominated by the elevation above sea level (Table 4) . Nearly 45 % of the overall influence was explained by this variable, whereas all other variables had <6 % relative influence, respectively. The For the descriptions of the variables, see Table 1 distance to the westward forest edge was the second most important variable, potentially describing the effects of edges on wind turbulence and velocity at abrupt changes in the land surface. The key forest and silvicultural attributes were stand age (4.7 %), absolute scheduled removals (4.2 %), and absolute removals (2.3 %). Similar to the GLMMs, tree species is rated with a very low influence (0.003 %). In addition to the influence rating of the split criteria, the partial dependence plots gave further insight into the effects of each criterion. The absolute amount of removals (Fig. 4a) increased the storm risk continuously up to values of about 120 m 3 ha −1 . Beyond this point, storm risk did not increase any more. If only scheduled removals were considered (Fig. 4b) , a reverse effect with a leveling off near 150 m 3 ha −1 was observed. The strong effect of the standing volume on storm risk showed a positive correlation (Fig. 4c) and was especially steep between 700 and 900 m 3 ha −1 . The thinning quotient was also positively correlated with storm risk (Fig. 4d) up to the value of 1.2, beyond which the correlation was slightly negative but remained at a higher level than for thinning quotient values of 0.9 and smaller. Storm risk continuously increased with increasing relative removals averaged over the past 10 years (Fig. 4e) . The curve reached a saturation point at 35 % and remained at that high level beyond this point. Previous storm damage also increased the risk of consecutive storm damage, as indicated by the positive value of the fitted function for the x value of 1 of previous storm damage (Fig. 4f) . Accordingly, stands without previous damage (x value of 0 in Fig. 4f ) were less at risk for consecutive damage. Notable is the abrupt step of the dependence at the value 0.5 which is typical for binary variables with only two levels (00no previous storm damage/10previous storm damage). Only variables with relative influence >1 % are listed 
Comparison of predictor categories
Topographic and site information proved the most important predictor category in the BRT analyses, with more than 50 % relative influence (Table 5) . Removals were the second most important category, and meteorological information as well as stand dimension each explained about 10 % of the influence. The other categories were less important and explained only up to 5 %. In the GLMMs, removals were the most important category with more than 50 % influence, while topography and site characteristics followed in second place. Third most important was the stand dimension. All other categoriesincluding species-carried little influence in the GLMMs.
Although both GLMM and BRT rate the two predictor categories "removals" and "topography and site" as the top two categories, their rating order is reversed. Further investigation revealed surprising coherence between the random effects (best linear unbiased predictors [BLUPs] ) in the GLMM of the first modeling step and the pattern of the partial dependence plot for elevation in the BRT (Fig. 5) . Both curves display a first narrow peak at elevations between 300 and 350 m. This peak is a local maximum and is less explicit for the BLUPs (Fig. 5b ) than for the BRTs (Fig. 5a ). It is followed by a local minimum at 400 m and a second, broader peak between 500 and 620 m. This second peak is quite apparent for both methods. Beyond 620 m, both curves show generally decreasing patterns, with the decrease in the BLUPs more undulating and less monotonic than in the BRTs.
In summary, the relative influence of the predictor "species" is very small for both BRT and GLMM. We thus rejected hypothesis 1. Tree species was not a significant predictor for differentiating storm damage between Douglas-fir and Norway spruce. Based on the results of both applied methods, at least five other predictor categories were rated more important.
3.3 H2: storm damage in Douglas-fir occurs less frequently than in Norway spruce In total, 13,181 trees were recorded as storm-damaged from the 142,543 tree observations for both species (Table 6 ). In the 1990 storm, Norway spruce was more heavily damaged (7 %) than Douglas-fir (4 %), whereas the 1999 storm caused storm damage of 15 % in Douglas-fir versus only 11 % in Norway spruce. However, these frequencies are only a first indication that storm damage does not occur less frequently in Douglas-fir than in Norway spruce, since they are affected by a range of other potential risk factors. For example, the lower proportion of storm damage for Total tree observations and storm-damaged trees by storm event and tree species Douglas-fir in the 1990 event may be in part explained by a generally lower stand height at that time (Fig. 2) . Additionally, we analyzed the random effects of the GLMMs for species differences. We compared the means and medians of the BLUPs of the modeling steps 1 and 3 but found no significant differences between Douglas-fir and Norway spruce (data not shown). This is the second indication that storm damage does not occur less frequently in Douglas-fir than in Norway spruce.
No differences between storm damage risk for Douglas-fir and Norway spruce were also detected based on the GLMM and BRT analyses. These multiple analyses included other effects like stand height or exposure and lead us to reject H1. For testing H2, this result also has significance, since lower risk of one species versus the other would have become apparent in the nominal predictor "species."
We, therefore, rejected H2 and concluded that storm damage in Douglas-fir is not less frequent than in Norway spruce.
Discussion
Species effects
If effects of stand dimension, site characteristics, and silvicultural interventions are accounted for, storm damage in Douglas-fir growing in southwest Germany appears to occur as frequently as in Norway spruce. Based on a quantitative analysis of the network of long-term experiments, there is no scientific evidence for the expectation that Douglas-fir has higher storm damage resistance than Norway spruce.
In this respect, our findings contradict the results of Schütz et al. (2006) In support of our analysis, spruce was found to have been more stable than Douglas-fir in the 1981 storm in Denmark (Lohmander and Helles 1987) . Another slight indication that Douglas-fir might not be more storm resistant than Norway spruce is the result of the empirical storm damage model by Schmidt et al. (2010) . In their model, Douglas-fir displayed a higher vulnerability towards storm damage than Norway spruce up to a tree height of around 18 m. Colin et al. (2009) classify Douglas-fir among the three most vulnerable tree species in France, based on extensive literature review. Norway spruce is the second most vulnerable species due to their findings.
As a consequence, silvicultural systems designed for Douglas-fir in Europe may need to be reconsidered due to the relatively high species-specific storm damage potential. Large target diameters associated with long rotations and tall stands have to be seen as increasing storm damage risk. In addition, stands intended for the production of large diameter timber should be restricted to orographically sheltered sites and soils without restriction for rooting depth.
Silviculture
Removals have a large effect on storm damage risk, as quantified by both BRT and GLMM. This influence was higher than the influence of stand dimension and density. While selective thinning has been acknowledged to have an impact on storm risk in general (Cremer et al. 1982; Dobbertin 2002; Maccurrach 1991) , it has not been rated as so important before (Dhôte 2005) .
Interestingly, silvicultural interventions showed both stabilizing and destabilizing effects in the short and medium term. This finding and the contradictory results for the effects of total removals (including salvage) versus scheduled removals (excluding salvage) deserve further discussion. One possible explanation for stabilization in the short term could be that thinning codominant individuals or trees with existing crown or stem damage in scheduled thinnings favors the dominant, most stable trees (Fig. 4b) . Thinnings have previously been reported to stabilize coniferous stands more on the medium and long term especially by means of spacing in young ages (Cremer et al. 1982; Maccurrach 1991; Mason and Quine 1995) . With respect to these previous findings, our results about possible immediate or shortterm stabilization effects are new. However, our study shows that removing higher proportions of the stands and the most dominant trees leads to short-term destabilizing effects of thinnings (Fig. 4d, e) . This observed destabilization could be explained by an effect which has been reported by other authors: thinnings disrupt the crown closure, leading to more wind turbulence and leaving behind a reduced number of more exposed trees (Dobbertin 2002) . In the years following the intervention, canopies close through crown expansion and the stand will be restabilized, so that this effect of destabilization is only temporary. The period of reclosure has been reported to last between 3 and 8 years (Cremer et al. 1982; Lohmander and Helles 1987; Schmid-Haas and Bachofen 1991) . Thus, it appears reasonable that removals simultaneously have destabilizing and stabilizing effects, depending on the way they are carried out and on the time scale of their effects.
One possible explanation why scheduled removals had a stabilizing effect while the total removals (including salvage) indicated destabilization concerns the dominant trees. Scheduled thinnings systematically favor the target crop trees which are the dominant trees. Repeated thinnings from early age onwards help these individuals to acclimate to stand conditions with reduced neighbor contact (damping). Trees appearing unstable and competing with the target trees are commonly thinned. This reduces the vulnerability because unstable trees are removed. The dominant crop trees are thus important structural elements for these stands. In contrast, removals including salvage (total removals) may contain some of the crop trees as salvaged trees (storm, bark beetles), as is apparent by the thinning quotients for scheduled and total removals (Table 1) . Caused by these disturbances, some of the important dominant trees are removed from the stands, leaving behind an increased amount of trees which are not acclimated to the more open growing conditions. Additionally to the effect of acclimatization (Telewski 1995) , disturbances may create larger patches of irregular spatial distribution in the stands, leading to increased turbulences compared to scheduled thinnings. This may lead to a higher amount of storm damage in the consecutive periods and explains why total removals including salvage have destabilizing effects, whereas scheduled thinnings have stabilizing effects.
Topography
Although both GLMM and BRT rate the two predictor categories "removals" and "topography and site" as the top two categories, their rating order is reversed. This reversed order may be explained by the applied methods: A nonlinear effect of elevation was observed in both GLMMs and BRTs (Fig. 5) . However, in the GLMMs, this effect was expressed in the random effects part of the model and was thus not represented in the relative influence, since the relative influence can only be calculated for the fixed effects. Hypothetically, trying to weigh this random effect of the GLMMs into the relative influence and viewing it as belonging to the category of topography and site would increase the relative influence of this predictor category for the GLMMs in Table 5 . As a consequence, the observed difference between the BRT and GLMM ratings for the top two categories (topography and site, removals) would be reduced.
Since wind speed is known to increase with elevation, storm damage may be expected to increase with elevation as well. However, in our results, the effect of elevation on storm damage was nonlinear (BRTs and BLUPs in GLMM) and negatively linear (step 3 in GLMM). Lanquaye-Opoku and Mitchell (2005) also found a negative correlation between elevation and storm damage on cutblock edge segments. One reason for this phenomenon could be the adaptive growth of trees in windy locations. Reduced height growth and increased root and diameter growth as a reaction to windexposed locations has been demonstrated (Cremer et al. 1982; Nicoll et al. 2008) . These physiological reactions might reduce storm damage in windy locations and thus dampen the effect of elevation. We also checked for correlations between elevation and treatment regimes in our data (thinning quotient and relative removals), since such correlations could have blurred the relationship between elevation and storm damage. But we found no significant correlation. Finally, there are many other aspects which might be relevant for the relationship between elevation and storm damage which we were not able to analyze in our study, such as interactions between wind gust speed characteristics and topographic information (see Lanquaye-Opoku and Mitchell 2005) .
